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Modelling Deer-Vehicle Collisions on Virginia Roads 
 
ABSTRACT: Wildlife vehicle collisions are a significant problem for both humans and wildlife. 
Millions of dollars are spent annually on repairs and medical expenses; meanwhile, 1.23 million 
deer are killed annually nationwide. Information on the spatial distribution of, and contributing 
factors for, deer-vehicle collisions in Virginia is lacking. We used georeferenced deer vehicle-
collision (DVC) police records to map year-round high-risk areas for white-tailed deer 
(Odocoileus virginianus) on Virginia roads. We also classified high-risk, medium high-risk, 
medium low-risk, and low-risk areas for DVCs across the commonwealth based on quantile 
means and coefficients of variations. Using these risk classifications, we developed ordered 
linear regression models to identify environmental and road-related factors that contribute to the 
level of risk. Our spatial analysis revealed several hotspots along primary roadways, secondary 
roadways, and tertiary roadways. Our modelling revealed eighteen variables with appreciable 
effect on risk-level, including sinuosity, deciduous-agriculture edge length, proportion of urban 
development, and proportion of agriculture. Our research provides crucial information to policy 
makers and regulatory agencies in Virginia for the placement and development of DVC 
mitigation programs. 
INTRODUCTION 
Linear structures like roads and railroads increase the risk of death in wildlife and impact 
wildlife movement and survival by fragmenting habitats (Fahring 2003). The mortality rate has 
only intensified as more and more vehicles access American roadways. A 2008 report conducted 
by the Federal Highway Administration found that wildlife-vehicle collisions are generally fatal 
for the animals involved. Furthermore, this report identified 21 threatened or endangered species 
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for which road mortality was a significant concern (USDOT, 2008). Collisions with large 
ungulates, such as white-tailed deer (Odocoileus virginianus), occur at high rates, causing 
increased risk of injury or death to human drivers and wildlife (Joyce and Mahones, 2001, 
Bisonette et al., 2008). Wildlife-vehicle collisions result in injury to the driver and/or passengers 
in 4 to 10% of collisions, and on average the cost of these collisions amounts to $2000 per 
incident (USDOT, 2008). In 2008, when the Federal Highway Administration concluded their 
study, they estimated wildlife-vehicle collisions cost Americans $8,388,000,000 annually 
(USDOT, 2008). Reducing wildlife-vehicle collisions is an obvious problem with some known 
solutions; however, identifying areas in need of mitigation efforts is a major challenge for policy 
makers. 
To determine distribution patterns along roads, ecologists have analyzed georeferenced 
wildlife-vehicle collision point locations (Puglisi et al., 1974, Krisp and Durot, 2007, Mountrakis 
and Gunson, 2009). These studies have suggested that wildlife-vehicle collisions for ungulate 
species are spatially clustered, rather than randomly distributed (Puglisi et al., 1974, Hubbard et 
al., 2000). This suggestion has led ecologists to build statistical models to determine which 
landscape characteristics and road-related factors influence the risk of wildlife-vehicle collisions 
(Joyce and Mahoney, 2001, Malo et al., 2004, Dussault et al., 2006). These models and maps are 
useful to policy makers, as they provide information critical to the efficient placement and design 
of mitigation programs (Pojar et al., 1975, Putman, 1997, Al-Ghamadi and AlGadhi, 2004). 
Despite much interest in the Commonwealth of Virginia for similar information on the 
white-tailed deer-vehicle collisions (DVCs), we are not aware of any studies mapping or 
modelling deer-vehicle collisions in the region. Furthermore, many of the studies that do model 
ungulate-vehicle collisions in North America rely on extrapolating small study sites to entire 
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states (Puglisi et al., 1974), or they use model frameworks that create pseudo-absences and 
provide weaker results (Ramp et al., 2005, Gomes et al., 2008, Roger and Ramp, 2009). Our aim 
was to identify road sectors in Virginia with high or low frequency of DVCs and high or low 
variability of occurrence. We then examined environmental variables at each site to better be 
able to predict high-risk areas in the future. We used ordered linear regression models to negate 
the need for absence points, thereby increasing our models’ predictive capabilities. The goal of 
our modelling approach is to allow policy makers to reliably delineate high-risk, medium-high 
risk, medium-low risk, and low-risk areas for deer-vehicle collisions across Virginia.  
METHODS 
We began by identifying problem areas for white-tailed deer on Virginia roads. We obtained 
georeferenced DVC data from publicly available police crash records compiled in Excel by 
VDOT (http://www.virginiaroads.org/datasets/virginia-crashes?geometry=-
87.847%2C36.472%2C-79.607%2C39.502, accessed August 2018). Each row represented a 
single vehicle collision. The crashes were geolocated by latitude and longitude in the World 
Geodetic System (1984). The police records started in January 2011 and extended through 
December 2017. Deer strikes were included as a filterable collision type in the database, so we 
extracted them to create a deer specific data set. We used a Python script to comb another 
collision category, ‘Other Animals’, for misplaced deer collisions and added those rows to our 
deer dataset. We broke the data set into seven subsets, one per year.  
After importing the subsets into ArcMap 10.4 using the latitude and longitude provided, 
we projected each layer in NAD 1983 2011 Contiguous USA Albers. NAD 1983 2011 
Contiguous USA Albers is an equal-area projection, which is a projection that only minimally 
distorts the map area of Virginia relative to its area on the earth. Preserving area in our projection 
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is important because in doing so we preserve and accurately represent the density and spatial 
extent of our variables. This projection also allowed us to work in meters, a much more intuitive 
metric than the alternative - degrees.  
With our points projected for each year, we ran a moving-window analysis to establish 
the point density of deer collisions for each year at the average extent of a white-tailed deer 
home range (Fig. 1). Because the mean alone does not incorporate the variation in annual deer 
collisions, we also calculated the coefficient of variation (CV; Fig. 2). We reclassified the mean 
and CV layers in to four new ones representing the top and bottom 25% of the mean and the CV 
values. Using the reclassified layers, we calculated four classes representing the degree of risk 
for every collision area. To do this, we identified the top and bottom 25% of both the mean and 
the CV layer. The top 25% of the mean was cut off at 0.57 and the bottom at 0.14. For the CV, 
the top 25% was cut off at 158.11 and the bottom at 106.9.  We combined the top 25% of the 
Figure 1: Map of mean deer-vehicle collisions per deer home range on Virginia roads 
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mean with the bottom 25% of the CV to reveal the most consistently risky collision areas. This 
layer adequately answers our first question, demonstrating the worst problem areas for deer on 
Virginia roads. From all other combinations of the four layers we revealed three other area risk 
classifications - inconsistently high (top 25% of mean, top 25% CV), inconsistently low (bottom 
25% mean, top 25% CV), and consistently low (bottom 25% mean, bottom 25% CV).  
Deer collision model 
After identifying the consistency and extent of risk for DVCs, we created a model using 
environmental variables from the vicinity of DVCs. To account for varying yet distinct degrees 
of risk, we elected to use an ordinal logistic framework. Using an ordered logistic regression 
enabled us to relate the four deer-collision risk-categories to response variables that likely 
influence collision risk. In all models, the response variable was deer collision risk, ranked from 
lowest to highest (mean - CV): low-low, low-high, high-high, and high-low. 
Figure 2: Map of coefficient of variation for deer-vehicle collisions on Virginia Roads 
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To relate deer collision risk categories to traffic and environmental variables, we selected 
random points on roads, one per risk category, in as many categories as existed per county 
(maximum of four per county). Limiting random points per category and per county ensured 
sampling points were independent. In total, we produced 115 points in high-risk areas, 106 in 
inconsistently high-risk areas, 130 in inconsistently low-risk areas, and 130 in low-risk areas.  
Unique IDs were given to the points based on their risk category. We later used these points to 
extract raster data for modelling. 
After conducting an extensive literature review, we selected four environmental and three 
traffic variable types. For environmental data, we were interested in proportions of land cover, 
edge lengths, distances from roads to land cover types, and the terrain ruggedness index (TRI). 
Specifically, our target land covers and land uses were agriculture, deciduous forests, evergreen 
forests, mixed forests, urban, and freshwater. We sourced land classification data from the 2014 
Landfire Existing Vegetation Type (https://www.landfire.gov/). We chose Landfire over other 
land-classification datasets because in Landfire a road dataset was incorporated to reclassify 
pixels as developed (McKerrow et al., 2016). The proportion of forests and agriculture and urban 
land have been shown to increase wildlife vehicle collisions (Hothorn, 2012; Hubbard et al., 
2000; Gunson, 2010). Edges have also been shown to affect wildlife and, as have Euclidean 
distances (Hothorn, 2012, Gunson, 2010). DVCs have been shown to increase on level terrains 
(Gunson, 2010), so we elected to include the TRI, a measure of variation in aspect and slope of a 
landscape. To calculate the TRI we took the square root of the squared focal sum of a digital 
elevation model (DEM; https://viewer.nationalmap.gov/basic/) plus nine times the squared DEM 
times negative two times the DEM times the focal sum of the DEM (Riley et al., 1999).  
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Our traffic variables included speed, traffic volume, and sinuosity. Increased speed has 
been shown to decrease wildlife vehicle collisions (Bashore et al., 1985), while traffic volume 
has been shown to increase wildlife vehicle collisions (Seiler, 2001, Gunson, 2010). We elected 
to included sinuosity, a measure of road curvature, because curvier roads create blind spots and 
therefore potentially increase deer collisions. We calculated sinuosity by dividing total line 
length by the shortest possible path, resulting in the deviation of a given road from a straight line. 
We also included average deer kill data provided by hunters to the Virginia Department of Game 
and Inland Fisheries to act as a proxy for deer population, reflecting different population levels 
per county. Apart from our deer kill and Euclidean distance layers, all data was evaluated at three 
spatial extents. The smallest extent, a 25-ha circular window, represents an average between the 
mean habitat range of deer in rural areas (Hölzenbein and Marchinton 1992; Campbell et al., 
2004) and the mean home range size of deer in suburban areas (Cornicelli et al., 1996). The mid-
size extent, 100-ha, represents the mean home range estimates for deer in the Appalachian 
Mountains of Virginia (Hölzenbein and Marchinton, 1992; Campbell et al., 2004). It also serves 
as an average home range estimate encountered in the literature. The largest extent, 350-ha, 
represents the least conservative of deer home range estimates (Hasapes et al., 2016). In all, 61 
explanatory variables were gathered for the state of Virginia. 
To sample the 61 explanatory variables, we buffered our random sampling points by 
282m, 564m, and 1055m to reflect our three spatial extents. Once we extracted all 61 variables, 
we exported the points to Excel and added our response variable, Order, based on the unique 
IDs. Points in consistently high-risk DVC areas were coded as 4, points in inconsistently high-
risk DVC areas were coded as 3, points in inconsistently low risk DVC areas were coded as 2, 
and points in consistently low risk areas were coded as 1. Before creating any models, we 
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partitioned our data into two new data subsets; 80% of our data went to a training subset, and the 
remaining 20% was saved in a test dataset for model validation.  
In R (R Core Team, 2015), we ran univariate models for every explanatory variable to 
evaluate each best fit of linear, quadratic, and pseudothreshold (log [x]; Scherer et al., 2012). We 
selected the best model form based on the information-theoretic approach (Burnham and 
Anderson, 1998) by comparing AIC values and comparing every model against the null. Linear 
variables often produce interactive effects when modelling. To address this, we tested 
multivariate models for all two-way interactions between linear variables. We included all best 
model forms and interactions in the variable candidate set. Average deer index was included in 
all multivariable, non-interactive models to control for deer abundance.  
To build the final model, we partitioned our data into two subsets. Eighty percent of our 
data was used to train the model, while we held the remaining twenty percent to test the final 
output. Our initial model included sixty-seven explanatory variables. After we created the 
starting model, we began removing variables and testing the new model outputs using the step() 
command in R. The starting model and all steps were then model averaged to produce our final 
model (Burnham and Anderson, 1998). We used the completed model to predict the level of risk 
for the remaining twenty percent of our data. We also tested our model’s ability to predict high-
risk versus low-risk as opposed to the ordered response.  
RESULTS 
Our deer dataset contained 40,049 unique deer-vehicle collision points from 2011-2017 after we 
removed 2 records missing coordinates. Annual deer collisions ranged from 5443 in 2012 to 

































Many of the significant problem areas fell along Virginia’s primary highways (Figure 4). 
We classified extensive portions of I-81, I-64, I-295, and I-66 as highly and consistently 
problematic. Several secondary highways were also classified as high-risk. Particularly, we 
found high-risk areas along the Charles M Lankford Jr Memorial Highway, the Lynchburg 
Salem Turnpike, and several secondary highways in Northern Virginia, U.S Highway 460, and 
the Trail of the Lonesome Pine. 50,954 local neighborhood roads, rural roads, and city streets 
intersect high-risk areas across the state. 
 To assess which of the 61 explanatory variables we would include, we created 61 
univariate models and compared their AIC values to a null model with an AIC of 1336.08. Of 
those 61, 13 were loaded into our starting model, including traffic volume, speed, sinuosity, 
proportion of agriculture, proportion of urban, proportion of deciduous, and proportion of 
Table 1 Univariate model test results 
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evergreen, as well as total forest edge, deciduous-agriculture edge, mixed-forest Euclidean 
distance, urban Euclidean distance, and average deer index (Table 1). The best extent for traffic 
volume and speed was the 100-ha extent, for sinuosity the 350-ha extent, and for the remaining 
variables the 25-ha extent. We found the pseudothreshold to be the best model form for the urban 
Euclidean distance, forest edge, and traffic volume; whereas, the quadratic form was best for 
proportion agriculture, proportion of urban development, proportion of deciduous forest, and 
proportion of evergreen forest. The linear form was best for remaining the variables (Table 1).  
Of the thirteen successful variables, four exhibited quadratic relationships with the 
response variable — proportion of agriculture, proportion of urban development, proportion of 
deciduous forest, and proportion of evergreen forest (Figure 4). The 25-ha extent was selected 
for all four proportion variables. Deciduous forest and coniferous forest showed weaker 
Figure 4 Graphs of relationships between quadratic variables and probability of four risk categories 
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influences on the probability of our four risk categories, but there was some effect. Increasing 
coniferous forest led to increasingly lower probability of high-risk areas, and increasing 
deciduous forest led to increasingly higher probability of high-risk areas. Lower and higher 
proportions of agriculture led to a higher probability of low risk areas, suggesting that there 
exists a mean level of proportion of agriculture that increases the probability of high-risk areas. 
Lower proportions of urban development have a slightly higher probability of being low-risk, but 
the probability quickly dips before skyrocketing as the proportion of urban development  
increases. 
Given the successful linear univariate models, we tested nine two-way interactions and 
six multivariate models returned AIC values lower than that of the null model (Table 2). These 
interactions included speed by sinuosity, speed by deciduous-agriculture edge, speed by mixed 
forest Euclidean distance, speed by average deer, sinuosity by mixed forest Euclidean distance, 
and deciduous-agriculture edge by average deer index.  
We combined our thirteen variables and six interactive variables in a starting model and 
used the R command step() to create ever more parsimonious step models until the AIC value 
would rise given the exclusion of any variable. These models were averaged to create our final 
Table 2 Multivariate model test results 
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model (Table 3). When predicting the category of risk for the 20% of data that we had retained 
for testing, our model correctly characterized points 64.2% of the time. Our model correctly 
characterized high mean and low mean points 88.4% of the time.   
Table 3 Parameter estimates for top models whose cumulative AIC weights summed to ≥ 0.95, and model-average parameter 




Our final models included 18 variables (of the initial 67) that had appreciable effects on the risk 
of DVCs. Four of the eighteen variables were land-cover proportion variables. Speed, sinuosity, 
deciduous-agriculture edge, mixed forest Euclidean distance, and average deer index all 
exhibited linear relationships with the degree of risk. Speed and average deer index exhibited 
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positive relationships with the degree of risk. A unit increase in speed resulted in a 0.01 (se = 
0.12) unit increase in risk, while a unit increase in average deer index led to a 0.09 unit increase 
in risk (se = 0.12). This would suggest that the higher the listed speed and average deer index, 
the higher the risk, an intuitive result. Sinuosity, deciduous-agriculture edge, and mixed forest 
Euclidean distance all exhibited negative relationships with risk. A unit increase in deciduous-
agriculture edge resulted in a unit decrease of 1.98 (se = 0.16) in risk, while a unit increase in 
mixed forest Euclidean distance led to a unit decrease of 0.18 (se = 0.12) and a unit increase in 
sinuosity resulted in a unit decrease in risk of 0.06 (se = 0.12). Straighter roads have higher 
sinuosity values, so the curvier a road the higher the risk. Deciduous-agriculture edge most likely 
relates to fewer collisions because white-tailed deer have a better chance of being seen by 
motorists when the forest is cleared for agriculture. Traffic volume and forest edge both 
exhibited a positive log relationship with DVC risk (0.01 se = 0.002; 0.01 se = 0.004), indicating 
that DVCs only increase with traffic volume to a certain point. The proportion variables all 
exhibited quadratic relationships with risk. Proportion of agriculture and deciduous was positive, 
while proportion of evergreen and urban was negative. DVC risk is highest at high and low 
proportions of agriculture and urban development and lowest at intermediate values.   
 Overall, our findings for traffic variables align with prior research for wildlife-vehicle 
collisions. Researchers have proposed that the number of collisions increases with traffic 
intensity, but at very high traffic volumes, noise and vehicle movements repel animals, leading to 
no further increase in wildlife-vehicle collisions (Seiler, 2001). In our model, traffic volume had 
a log relationship, supporting the aforementioned research findings. Low motorist visibility has 
been linked to increased wildlife-vehicle collisions (Gunson, 2010). This would suggest that 
more sinuous roads would also be linked to increased wildlife-vehicle collisions, which is what 
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our model predicts. Bashore et al. (1985) found that higher speed limits decreased wildlife-
vehicle collisions; however, our model predicted a positive relationship between speed and risk. 
Speed likely increases the risk of deer-vehicle collisions because faster drivers have less time to 
react to crossing deer.  
Our literature review suggested proportions of landcover would exhibit mostly linear 
relationships with wildlife-vehicle collisions. The proportion of agriculture within 1000m has 
been shown to promote roe deer kills (Giradet, 2015); however, our model suggests a quadratic 
relationship within 282m. In Figure 3, we can see there is some intermediate value at which the 
probability of a high-risk area is largest. This could be because deer don’t feed in areas with 
lower proportions of agriculture and there are fewer drivers in areas with higher proportions of 
agriculture. The proportion of forest was demonstrated to have a positive linear relationship with 
wildlife-vehicle collisions, regardless of forest composition (Giradet, 2015; Nielsen et al., 2003; 
Hothorn, 2012). Our model predicted a quadratic relationship for deciduous and evergreen forest 
proportions, while mixed forest proportions and forest proportions were not considered 
important. The relationships between proportions of deciduous and evergreen forests and 
probability of risk were fairly weak, but the trends they produced were what we had expected. 
Higher proportions of deciduous forest led to higher risk, while higher proportions of evergreen 
forests led to lower risk. This is likely due to the preference of deer for deciduous over evergreen 
forests. The literature suggested increases in proportion of urban development might decrease 
wildlife-vehicle collisions linearly (Gunson, 2010; Hothorn 2012). We demonstrate that the 
relationship between proportion of urban development and risk might be negatively quadratic. 
High proportions of urban development likely correlate with a high probability of low-risk areas 
because heavily urban areas provide little to no habitat for deer. A small increase in the 
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probability of low risk areas exists at the lowest proportions of urban development, probably 
because fewer drivers are on the road in non-urban areas.  
The literature suggested that wildlife-vehicle collisions exhibited a nonlinear relationship 
with forest edge length, increasing up to medium values and decreasing for larger values 
(Hothorn, 2012). We demonstrate a positive linear relationship with forest edge lengths. Forest 
edge provides good habitat for deer and lower visibility, suggesting there would be more DVCs 
in areas with higher forest edge lengths.  Puglisi et al. suggested that transitions from forests to 
agriculture may increase wildlife-vehicle collisions (Puglisi, 1974). Only deciduous-agriculture 
edges were incorporated in the final model, and the model predicted a negative linear 
relationship. This could be because forest transitions to agriculture promote visibility.  
The predictive capability of our model was on average 64% when classifying training data 
into the four ordered DVC risk groups (low, inconsistently low, inconsistently high, and high). In 
contrast, predictive capability of these models was on average 88% when classifying the 25% 
high mean and 25% low mean areas. This discrepancy in predictive capabilities suggests that 
predictor variables used in our models either act as proxies for mechanisms not relevant to model 
variation in DVC intensity groups or they are too coarse to model the possible fine resolution 
geographical variation. 
Modelling DVCs in Virginia presents an array of challenges. First and foremost, our initial 
deer data set did not contain any absence points. Traditional logistic regressions are strongest 
when you can tell your model with certainty where something did and did not happen. Other 
model frameworks, such as Maxent or biomapper, create pseudoabsences or scales to work 
around data shortcomings, but these methods weaken results. Using an ordered logistic 
18 
 
regression allowed us to approximate a traditional logistic regression; however, our results would 
probably be stronger if we were able to use absence points.  
Another challenge we faced was finding adequate data. Ultimately, we used police record 
data provided by the Virginia Department of Transportation. Unfortunately, studies have shown 
that police reports drastically underestimate the true number of collisions. One study suggested 
that only about half of deer-vehicle collisions are reported (Romin & Bissonette, 1996). Police 
reports are also a source of sampling bias; only the worst crashes that affect humans the most are 
reported.  
Our major challenges were centered on good data. We lacked absence points because we 
relied on police reports, and those police reports may have skewed our results. Our hope is that 
this research may answer some of the questions policy makers have asked, but also that it be 
expanded upon. Our model provides the framework for future experimental studies that can 
identify causal relationships between DVC risk and our correlated variables.  In the meantime, 
we hope that policy makers can use our hotspot maps to focus their efforts on the worst parts of 
the roads as they continue to expand mitigation programs and maintain existing roadways. 
BIBLIOGRAPHY 
Bashore, Terry L., et al. “Analysis of Deer-Vehicle Collision Sites in Pennsylvania.” The Journal 
of Wildlife Management, vol. 49, no. 3, 1985, p. 769., doi:10.2307/3801709. 
Barthelmess, Erika L. “Spatial Distribution of Road-Kills and Factors Influencing Road 
Mortality for Mammals in Northern New York State.” Biodiversity and Conservation, vol. 23, 
no. 10, 2014, pp. 2491–2514., doi:10.1007/s10531-014-0734-2. 
19 
 
Beier, Paul, and Dale R. McCullough. “Factors Influencing White-Tailed Deer Activity Patterns 
and Habitat Use.” WIldlife Monographs, no. 109, 1990, pp. 3-51. 
Burnham, K. P., and D. R. Anderson. 1998. Model selection and inference:  a practical 
information-theoretic approach. Springer Verlag, New York, NY. 
ESRI 2016. ArcGIS Desktop: Release 10.4.1. Redlands, CA: Environmental Systems Research 
Institute 
Farmer, Robert G., and Ron J. Brooks. “Integrated Risk Factors for Vertebrate Roadkill in 
Southern Ontario.” The Journal of Wildlife Management, vol. 76, no. 6, 2012, pp. 1215–
1224., doi:10.1002/jwmg.358. 
Findley, Daniel J., et al. “Finding and Measuring Horizontal Curves in a Large Highway 
Network.” Public Works Management & Policy, vol. 17, no. 2, 2011, pp. 189–211., 
doi:10.1177/1087724x11419307. 
Girardet, Xavier, et al. “Does Regional Landscape Connectivity Influence the Location of Roe 
Deer Roadkill Hotspots?” European Journal of Wildlife Research, vol. 61, no. 5, 2015, pp. 
731–742., doi:10.1007/s10344-015-0950-4. 
Gomes, Luís, et al. “Identification Methods and Deterministic Factors of Owl Roadkill Hotspot 




Gunson, Kari E., et al. “Spatial Wildlife-Vehicle Collision Models: A Review of Current Work 
and Its Application to Transportation Mitigation Projects.” Journal of Environmental 
Management, vol. 92, no. 4, 2011, pp. 1074–1082., doi:10.1016/j.jenvman.2010.11.027. 
Hirzel, A., Hausser, J., Perrin, N., 2002. Biomapper 3.1. Lausanne, Lab. for Conservation 
Biology. URL: http://www.unil.ch/biomapper. 
Hubbard, Michael W., et al. “Factors Influencing the Location of Deer-Vehicle Accidents in 
Iowa.” The Journal of Wildlife Management, vol. 64, no. 3, 2000, pp. 707–713. JSTOR, 
www.jstor.org/stable/3802740. 
Lin, Shyh -Chyang. “Landscape And Traffic Factors Affecting Animal Road Mortality.” Journal 
Of Environmental Engineering And Landscape Management, vol. 24, no. 1, 2016, pp. 10–20., 
doi:10.3846/16486897.2015.1098652. 
Marantz, Sierra A., et al. “Impacts of Human Hunting on Spatial Behavior of White-Tailed Deer 
(Odocoileus Virginianus).” Canadian Journal of Zoology, vol. 94, no. 12, 2016, pp. 853–
861., doi:10.1139/cjz-2016-0125. 
Malo, Juan E., et al. “Can We Mitigate Animal-Vehicle Accidents Using Predictive Models?” 
Journal of Applied Ecology, vol. 41, no. 4, 2004, pp. 701–710., doi:10.1111/j.0021-
8901.2004.00929.x. 
Polak, Tal, et al. “Optimal Planning for Mitigating the Impacts of Roads on Wildlife.” Journal of 
Applied Ecology, vol. 51, no. 3, 2014, pp. 726–734., doi:10.1111/1365-2664.12243. 
21 
 
Puglisi, Michael J., et al. “Factors Associated with Highway Mortality of White-Tailed Deer.” 
The Journal of Wildlife Management, vol. 38, no. 4, 1974, p. 799., doi:10.2307/3800048. 
Ramp, Daniel, et al. “Modelling of Wildlife Fatality Hotspots along the Snowy Mountain 
Highway in New South Wales, Australia.” Biological Conservation, vol. 126, no. 4, 2005, pp. 
474–490., doi:10.1016/j.biocon.2005.07.001. 
Riley, Shawn & Degloria, Stephen & Elliot, S.D.. (1999). “A Terrain Ruggedness Index that 
Quantifies Topographic Heterogeneity”. Internation Journal of Science. 5. 23-27. 
Roger, Erin, and Daniel Ramp. “Incorporating Habitat Use in Models of Fauna Fatalities on 
Roads.” Diversity and Distributions, vol. 15, no. 2, 2009, pp. 222–231., doi:10.1111/j.1472-
4642.2008.00523.x. 
RStudio Team (2015). RStudio: Integrated Development for R. RStudio, Inc., Boston, MA URL 
http://www.rstudio.com/ 
Santos, Rodrigo Augusto Lima, et al. “Assessing the Consistency of Hotspot and Hot-Moment 
Patterns of Wildlife Road Mortality over Time.” Perspectives in Ecology and Conservation, 
vol. 15, no. 1, 2017, pp. 56–60., doi:10.1016/j.pecon.2017.03.003. 
Scherer, R. D., E. Muths, and B. R. Noon. 2012. The importance of local and landscape-scale 
processes to the occupancy of wetlands by pond-breeding amphibians. Population Ecology 
54:487-498. 
Seiler, Andreas. “Ecological effects of roads, a review.” Riddarhytan: University of Agriculture 
Sciences. 2001.  
22 
 
Snow, Nathan P., et al. “Underreporting of Wildlife-Vehicle Collisions Does Not Hinder 
Predictive Models for Large Ungulates.” Biological Conservation, vol. 181, 2015, pp. 44–53., 
doi:10.1016/j.biocon.2014.10.030. 
Stefan, et al. “Spatial Integration of Maturing-Male White-Tailed Deer into the Adult 
Population.” OUP Academic, Oxford University Press, 26 May 1992, 
academic.oup.com/jmammal/article-abstract/73/2/326/1108383?redirectedFrom=fulltext. 
Steven J. Phillips, Miroslav Dudík, Robert E. Schapire. [Internet] Maxent software for modeling 
species niches and distributions (Version 3.4.1). Available from url: 
http://biodiversityinformatics.amnh.org/open_source/maxent/. Accessed on 2019-4-28. 
Tierson, William C., et al. “Seasonal Movements and Home Ranges of White-Tailed Deer in the 
Adirondacks.” The Journal of Wildlife Management, vol. 49, no. 3, 1985, p. 760., 
doi:10.2307/3801708. 
Visintin, Casey, et al. “A Simple Framework for a Complex Problem? Predicting Wildlife-
Vehicle Collisions.” Ecology and Evolution, vol. 6, no. 17, 2016, pp. 6409–6421., 
doi:10.1002/ece3.2306. 
Visintin, Casey, et al. “Consistent Patterns of Vehicle Collision Risk for Six Mammal Species.” 
Journal of Environmental Management, vol. 201, 2017, pp. 397–406., 
doi:10.1016/j.jenvman.2017.05.071. 
White, Russell A., et al. “Forest Roads Mapped Using LiDAR in Steep Forested Terrain.” 





Variable Extent Form AIC deltaAIC 
Traffic Volume 564 Log 1291.793 0.00 
 1055 Log 1297.455 5.66 
 564 quadratic 1302.432 10.64 
 1055 quadratic 1304.944 13.15 
 282 log 1310.869 19.08 
 282 quadratic 1313.615 21.82 
 564 linear 1317.793 26.00 
 1055 linear 1319.78 27.99 
 282 linear 1326.45 34.66 
 Null  1336.083 44.29 
Speed 564 linear 1317.687 0.00 
 564 quadratic 1317.908 0.22 
 564 Log 1318.747 1.06 
 1055 linear 1322.328 4.64 
 1055 Log 1322.353 4.67 
 1055 quadratic 1324.285 6.60 
 Null  1336.083 18.40 
Sinuosity 1055 log 1333.708 0.00 
 1055 linear 1333.733 0.02 
 564 linear 1334.938 1.23 
 564 log 1335.109 1.40 
 1055 quadratic 1335.627 1.92 
 564 quadratic 1336.036 2.33 
 Null  1336.083 2.38 
TRI Null  1336.083 0.00 
 point log 1337.283 1.20 
 1055 quadratic 1337.476 1.39 
 point  1337.513 1.43 
 1055 linear 1337.641 1.56 
 282 linear 1337.822 1.74 
 1055 log 1337.993 1.91 
 282 log 1338.014 1.93 
 564 linear 1338.027 1.94 
 564 log 1338.083 2.00 
 564 quadratic 1339.12 3.04 
 point quadratic 1339.389 3.31 
 282 quadratic 1339.437 3.35 
24 
 
Pgrass Null  1336.083 0.00 
 282 quadratic 1336.138 0.05 
 282 log 1336.301 0.22 
 282 linear 1336.675 0.59 
 564 quadratic 1337.5 1.42 
 564 log 1337.619 1.54 
 564 linear 1337.884 1.80 
 1055 linear 1338.071 1.99 
 1055 log 1338.076 1.99 
 1055 quadratic 1338.514 2.43 
Pagriculture 282 quadratic 1333.005 0.00 
 282 linear 1335.376 2.37 
 Null  1336.083 3.08 
 1055 quadratic 1336.848 3.84 
 564 quadratic 1336.867 3.86 
 282 log 1337.101 4.10 
 564 linear 1337.451 4.45 
 1055 log 1337.712 4.71 
 564 log 1338.037 5.03 
 1055 linear 1338.052 5.05 
Purban 282 quadratic 1304.033 0.00 
 564 quadratic 1306.192 2.16 
 1055 quadratic 1316.55 12.52 
 282 log 1330.446 26.41 
 564 log 1334.96 30.93 
 Null  1336.083 32.05 
 282 linear 1336.52 32.49 
 1055 log 1336.775 32.74 
 1055 linear 1337.992 33.96 
 564 linear 1338.053 34.02 
Pdeciduous 282 quadratic 1334.14 0.00 
 564 quadratic 1335.991 1.85 
 Null  1336.083 1.94 
 564 log 1337.347 3.21 
 282 log 1337.538 3.40 
 1055 quadratic 1337.878 3.74 
 1055 log 1337.97 3.83 
 564 linear 1337.977 3.84 
 282 linear 1338.063 3.92 
 1055 linear 1338.081 3.94 
Pevergreen 282 quadratic 1331.047 0.00 
 564 quadratic 1333.801 2.75 
 1055 quadratic 1335.117 4.07 
25 
 
 Null  1336.083 5.04 
 282 linear 1337.196 6.15 
 1055 linear 1337.68 6.63 
 564 linear 1337.719 6.67 
 282 log 1338.041 6.99 
 1055 log 1338.045 7.00 
 564 log 1338.083 7.04 
Pmix Null  1336.083 0.00 
 282 linear 1337.761 1.68 
 564 linear 1337.924 1.84 
 1055 linear 1337.98 1.90 
 564 log 1338.03 1.95 
 1055 log 1338.043 1.96 
 282 log 1338.055 1.97 
 282 quadratic 1339.281 0.00 
 564 quadratic 1339.833 3.75 
 1055 quadratic 1339.97 3.89 
Mix Edge Null  1336.083 0.00 
 282 linear 1337.562 1.48 
 564 lnear 1337.585 1.50 
 1055 linear 1337.648 1.56 
 564 log 1338.028 1.94 
 1055 log 1338.054 1.97 
 282 log 1338.076 1.99 
 282 quadratic  1338.63 2.55 
 1055 quadratic  1339.247 3.16 
 564 quadratic  1339.549 3.47 
Mix Ag Edge Null  1336.083 0.00 
 282 log 1337.22 1.14 
 564 log 1337.699 1.62 
 282 linear 1337.703 1.62 
 1055 linear 1337.807 1.72 
 564 lnear 1337.89 1.81 
 1055 log 1337.898 1.81 
 564 quadratic  1339.459 3.38 
 282 quadratic  1339.7 3.62 
 1055 quadratic  1339.807 3.72 
Forest Edge 282 log 1333.993 0.00 
 282 quadratic  1334.137 0.14 
 1055 log 1334.887 0.89 
 564 log 1335.108 1.12 
 1055 linear 1335.426 1.43 
 1055 quadratic  1335.449 1.46 
26 
 
 564 linear 1335.562 1.57 
 282 linear 1335.572 1.58 
 Null  1336.083 2.09 
 564 quadratic  1336.278 2.29 
Forest Ag Edge Null  1336.083 0.00 
 282 quadratic  1336.451 0.37 
 564 quadratic  1336.711 0.63 
 1055 log 1337.586 1.50 
 1055 quadratic  1337.654 0.00 
 564 lnear 1337.781 1.70 
 282 linear 1337.799 1.72 
 564 log 1338.043 1.96 
 1055 linear 1338.046 1.96 
 282 log 1338.078 1.99 
Evergreen Edge Null  1336.083 0.00 
 282 log 1337.51 1.43 
 1055 linear 1337.598 1.51 
 282 linear 1337.708 1.63 
 1055 log 1337.751 1.67 
 564 log 1337.849 1.77 
 564 lnear 1337.874 1.79 
 282 quadratic  1338.377 2.29 
 564 quadratic  1338.768 2.68 
 1055 quadratic  1339.441 3.36 
Evergreen Ag Edge Null  1336.083 0.00 
 564 log 1337.852 1.77 
 282 linear 1337.912 1.83 
 1055 linear 1337.956 1.87 
 564 lnear 1338.019 1.94 
 1055 log 1338.08 2.00 
 282 log 1338.082 2.00 
 1055 quadratic  1339.42 3.34 
 282 quadratic  1339.57 3.49 
 564 quadratic  1339.839 3.76 
Deciduous Edge 1055 quadratic  1335.835 0.00 
 Null  1336.083 0.25 
 282 log 1337.144 1.06 
 282 quadratic  1337.378 0.23 
 564 log 1337.427 0.05 
 1055 log 1337.625 0.20 
 282 linear 1337.83 0.20 
 564 lnear 1337.931 0.10 
 1055 linear 1337.989 0.06 
27 
 
 564 quadratic  1338.028 0.04 
Deciduos Ag Edge 282 linear 1148.574 0.00 
 282 log 1252.567 103.99 
 564 quadratic  1333.204 184.63 
 Null  1336.083 187.51 
 1055 quadratic  1336.817 188.24 
 564 lnear 1337.283 188.71 
 1055 log 1337.903 189.33 
 1055 linear 1338.027 189.45 
 564 log 1338.083 189.51 
 282 quadratic  NA NA 
Agriculture 
EucDist Null  1336.083 0.00 
  quadratic 1336.442 0.36 
  linear 1337.594 1.51 
  log 1338.024 1.94 
Deciduous EucDist Null   1336.083 0.00 
  quadratic  1337 0.92 
  linear 1337.198 1.12 
  log 1338.06 1.98 
Evergreen EucDist Null   1336.083 0.00 
  linear 1337.604 1.52 
  log 1337.714 1.63 
  quadratic  1339.141 3.06 
Freshwater 
EucDist  linear 1335.461 0.00 
  quadratic  1335.461 0.00 
  log 1335.461 0.00 
 Null   1336.083 0.62 
Grass EucDist Null   1336.083 0.00 
  linear 1337.877 1.79 
  log 1338.075 1.99 
  quadratic  1338.333 2.25 
Mix EucDist  quadratic  1329.224 0 
  linear 1330.401 1.177 
  log 1333.344 4.12 
 Null   1336.083 6.859 
Urban EucDist  log 1324.224 0.00 
  linear 1325.116 0.89 
  quadratic  1326.744 2.52 
 Null   1336.083 11.86 
Deer Null  1336.083 0.00 
  linear 1337.915 1.83 
28 
 
  log 1337.918 1.83 
  quadratic 1339.912 3.83 
 
 
 
